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Z-Glyph: Visualizing outliers in multivariate data
Voila: Visual Anomaly Detection and Monitoring with Streaming Spatiotemporal Data

/Z-Glyph: Visualizing outliers in multivariate data
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multivariate data
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1. defining “normal” (and “anomalous”) behavior EX & &, 1EEHIT1TH
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1. Extending the existing design. (Z-Star GlyphHI$EE)
MAT
o human perception features
o visual metaphor fali§
o statistical characterization
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2. Extensive controlled experiment.

3. Case studies on real datasets.
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1. outlier detection
2. glyph-based visualization
3. similar visual designs
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1. Case studies
2. experts interview
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B how to represent outlier information that can be easily perceived and
recognized by human

e Choosing optimal visual channels.
e Utilizing visual metaphor
e Incorporating statistical distribution concept.
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the first set of glyphs that were designed for revealing outliers in a multivariate dataset.

Voila: Visual Anomaly Detection and Monitoring
with Streaming Spatiotemporal Data
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1. &N FAdaptivity----------- £ 240015 23 #7O0nline monitoring and analysis.

2. AIEEFE % Interpretability----Multifaceted pattern discovery and anomaly filtering
3. R H%Interactivity---------- Human in the analysis loop
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1. Anomaly Detection Algorithms
2. Visual Anomaly Detection
3. Visualizing the Spatiotemporal Data

4=

£

rn

&

2L
Statistical Analysis
Feature Extraction ‘ J ‘[_ﬁ »
11! L | —
Indexing & Filtering E] I
Tensor Analysis &
.—0 - ‘ = Anomaly Detection p“\Im_l'uu/\)l'(/\)
spark mongodb P(B)
Fig. 2. The system architecture.
1. the data preprocessing module,
2. the analysis module,
3. the visualization module,
4. the interaction module
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Fig. 3. The system pipeline for data processing and analysis.
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1. local outlier factor (LOF) XEHFHALOFELF
2. One-Class SVM
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New York City taxi-trip
various sources (e.g. taxi trips, traffic sensors, etc.
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Anomaly glyph.
small multiple charts
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Baseline methods and evaluation metrics

1. Case Study
2. Domain Expert Interview
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1. LOF
2. One-Class SVM

metrics

1. precision
2. recall
3. ROC
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providing tacit tutorials to guide the novice users

offering visual clues about low-precision instances in the anomaly ranking list
supporting fact search and checking

adaptively determining the temporal granularity,

developing new algorithms with forecasting and prediction capability.
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